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Abstract
In this thesis, we develop an optimal dynamic pricing strategy for clearance sales
of a textile manufacturing company which allows last-minute cancellations of orders
without penalty. This company faces the difficult task of determining the optimal
prices to clear the unsold products which result from last-minute order cancellations
of its customers. The presented results in this thesis provide the company with a
mathematical tool which can be used to optimally and dynamically set prices to
maximize the profits in the clearance sales.
We assume that buyers are myopic, demand multiple units of products and have
independent demand. We also assume that the company has limited information on
the valuation of buyers. Using these assumptions, an analytical model and estimations
from the historical data are developed and dynamic programming is used to devise
an optimal dynamic pricing strategy for the clearance sales of the company.
Thesis Supervisor: Stanley B. Gershwin
Title: Senior Research Scientist
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Chapter 1
Introduction
1.1 Problem Statement
Increasing global competition and rising customer expectations pressure manufactur-
ing companies to carefully devise a set of policies to maximize customer satisfaction.
However, these policies usually expose companies to risks and costs which adversely
affect their profits. Allowing last minute order cancellations without penalty is an
important example of policies that some companies employ to boost customer sat-
isfaction, gain a competitive edge, and expand their customer bases. Such a policy
enhances customer satisfaction as it offers customers high flexibility with orders. Nev-
ertheless, it sometimes also leaves the companies with inventory of unsold products.
Companies face the difficult task of determining an optimal pricing strategy to clear
these unsold products as profitably as possible when last minute cancellations occur.
In this thesis, a leading textile company that has a policy of allowing last minute
order cancellations without penalty is investigated and an optimal dynamic pricing
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strategy for its clearance sales is developed.
1.2 Company Background and Motivation
This company is a leading denim manufacturing company located in Turkey. It has
enough capacity to produce up to 45 million square meters of denim per year and it
supplies world-class products to both nationally and internationally renowned jeans
brands.
This textile manufacturing company is especially recognized for providing its cus-
tomers with utmost flexibility and satisfaction. Its management strongly believes
that offering accommodating ordering policies for their customers in this global mar-
ket is of crucial significance. Thus, as a part of their marketing strategy, they have
adopted the policy of accepting last minute order cancellations without charging their
customers a penalty fee.
Excess inventory of unsold products may pile up due to this policy and the com-
pany's current strategy for clearance sales in case of a last-minute cancellation is to
sell the unsold inventory on the spot market at a relatively low price. The prices that
are offered to buyers in the spot market are determined based mostly on the educated
judgment of the managers responsible for these clearance sales. After certain time
periods, prices are marked down if there still remains unsold inventory so as to attract
more customers.
The initial price and the subsequent price markdowns that are determined in this
manner are most likely not optimal since they do not rely on any systematic analysis.
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Thus, research on optimal pricing strategy for clearance sales on the spot market is
likely to help this company to make more informed and profitable price decisions.
The present research is likely to benefit not only this company and other companies
which adopt a policy that allows their customers to cancel their orders at the last
minute without penalty. Airline companies that offer last minute deals to fill up
empty seats, hotels that are underbooked, retailers with excess inventory at the end
of a season are among many examples of companies which need to use a sophisticated
pricing model in order to dynamically and optimally modify the prices at certain time
intervals so as to increase their sales and profits and thus would find the research
covered in this thesis valuable.
1.3 Literature Survey
In the past, lack of customer demand information and sufficient research on dynamic
pricing strategies lead most companies to offer their customers a fixed price over a
long time horizon. With a better understanding of the improved profitability that
could result from employing a dynamic pricing strategy, researchers started to in-
vestigate this problem more carefully in the field of revenue management. Dynamic
pricing research, also known as intertemporal pricing research [3], has been done in
various industries including airlines, retailers, and hotels to determine the effects of
dynamically modifying prices over time.
The dynamic pricing problem that each industry or company faces might not be
identical. Firstly, purchasing decisions of the customers could be based on different
13
grounds. In the field of dynamic pricing research, two different types of buyers are
mentioned, known as myopic and strategic customers. Myopic buyers purchase the
product immediately as long as it is priced below their valuation whereas strategic
buyers consider the likelihood of future discounts in price before finalizing their pur-
chasing decisions [1]. The appropriate choice of buyer type model can be determined
by carefully analyzing the purchasing behavior of the customers for a specific dynamic
pricing problem. The choice of buyer type substantially changes the structure of the
dynamic pricing problem and issues taken into consideration.
Secondly, some companies are able to order additional amount of inventory through-
out the sales horizon whereas inventory reordering is not possible for others since it is
either not possible, too costly, or inefficient [3]. The possibility of inventory reorder-
ing changes the dynamic pricing problem to a joint dynamic pricing and inventory
reordering problem. If the seller is unable to order inventory after the beginning of
the sales period, optimal prices should be calculated given the inventory available.
Thirdly, demand structure as well as the level of information about the market
are other key differences which may introduce important distinctions to the dynamic
pricing problem. For some industries, current demand is independent of previous
demand, whereas previous demand has negative effect on future demand for others
[3]. Moreover, the dynamic pricing problem also changes depending on the level of
information sellers have about the valuations of the buyers.
In this project, we consider myopic buyers and we assume that there is independent
demand, limited information on the valuation of buyers and no inventory reordering.
Since this project is focused on devising an optimal dynamic pricing strategy for
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clearance sales, no additional inventory is ordered and the goal is to clear the excess
inventory which results from cancellations of orders. Furthermore, company personnel
believe that buyers are myopic in this market environment, and purchase the prod-
uct immediately without considering future prices if the price offered is below their
valuation. Demand is not affected by the demand in previous periods and the com-
pany does not possess complete information on individual buyer information. Thus,
in this literature survey, only the relevant research focusing on myopic buyers with
no inventory ordering, independent demand, and limited information on valuation of
buyers are reviewed.
Lazear [6] examines a discrete time dynamic pricing problem for myopic buyers
with single unit demand and assumes that the number of customers which arrive to
the company at each time period is known by the seller. He also assumes that although
the valuation of each buyer is not known, the seller knows that the valuations come
from a known common distribution which remains constant throughout the sales
period. He finds that the company needs to decrease the price if the product could
not be sold at the offered price by concluding that this price is above the valuation of
customers. He analyzes two periods with two different prices where the initial price is
relatively high and is marked down at the beginning of second period if the product
is not sold. Thus, the belief about the customer's valuations is updated from first
period to second period using a Bayesian approach in this analysis. He demonstrates
that this two step markdown scheme results in higher expected profits compared with
a fixed single price.
Gallego and Van Ryzin [5] study a continuous time dynamic pricing problem for
15
myopic buyers with multiple unit demand. The arrival of buyers is modeled as a
time-invariant Poisson arrival process and intensity control theory is used to vary the
intensity of the demand by changing the price. They find that employing a fixed
pricing strategy works well in many cases. However, due to the continuous time
analysis, this optimal pricing problem becomes impractical since it would not be
reasonable to update prices continuously during the sales period.
Bitran and Mondschein [2] explore both continuous time as well as discrete time
dynamic pricing problems for myopic buyers with single unit demand. In the contin-
uous time model, the arrival of buyers is modeled as a Poisson arrival process and
the individual valuation of each buyer is unknown in this model. However, the seller
assumes that the valuation of buyers come from a known common distribution. Yet,
due to the impracticability of continuous time analysis, they study models in which
only a fixed number of price changes is allowed during the sales period. They find
that a fixed pricing strategy works optimally when valuations of the buyers do not
change over time and as capacity of the seller goes to infinity. They also conclude
that higher uncertainty in the valuation of buyers leads to higher initial prices, larger
discounts and more unsold inventory at the end of the sales period.
Feng and Gallego [4] study a continuous time dynamic pricing problem for myopic
buyers demanding multiple units of products where price change is allowed only once.
This price change could either increase or decrease the price relative to the initial
price.They attempt to find the optimal time at which this price change should occur.
They determine a time threshold at which it is optimal to change the price and this
time threshold is found to be an increasing function of the remaining inventory.
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This thesis examines a discrete-time dynamic pricing problem assuming a pool
of myopic buyers who demand multiple units of products. The prices are allowed to
either increase or decrease at the beginning of each day. The buyers are modeled to
arrive as a Poisson arrival process with a time invariant rate. The company is assumed
to know the common distribution of valuations of buyers, whereas the valuation of
each buyer is unknown. Moreover, due to cancellations of orders and uncertainty
introduced by these cancellations, inventory is treated differently from the traditional
approach in the past literature. More specifically, sales is not the only parameter
which affects the inventory in this model. Cancellations of orders also affect the
inventory directly and this is an important distinction in the dynamic pricing problem.
1.4 Main Steps
The primary goal in this thesis is to devise an optimal pricing strategy for clearance
sales on the spot market so as to maximize the total expected profit throughout the
sales horizon. In order to achieve this goal, the main steps of this thesis are listed
below.
1. Develop an analytical model of clearance sales on the spot market by formulating
the key variables such as sales, inventory, holding costs and profit. This model
enables us to effectively understand how pricing is related to sales, level of
inventory and holding costs. This step is covered in Chapter 2.
2. Set up an optimization problem using the analytical model with the objective
of maximizing the total expected profits from the clearance sales. This step is
17
the topic of Chapter 3.
3. Collect historical data to analyze the actual demand, historical prices as well as
other market parameters and fit these data into the analytical model in order
to better reflect the reality. This step also helps in understanding the target
market, customer profile and how the clearance sales are currently structured.
This step is the topic of Chapter 4.
4. Solve the optimization problem using the historical data and obtain numerical
results for the optimal pricing strategy. This step is also covered in Chapter 4.
5. Perform sensitivity analysis on the model to determine how changes in the
parameters affect the optimal pricing strategy and give some insights and rec-
ommendations for the company. This step is covered in Chapter 4 and 5.
Chapter 2
Analytical Model
This chapter provides a detailed explanation of how reservation prices, sales, inven-
tory, costs and profit are formulated to develop an analytical model for determining
an optimal pricing strategy for clearance sales on the spot market.
2.1 Formulation of Parameters
2.1.1 Reservation Prices of Buyers
Each buyer in the spot market can be modeled as having a maximum price that they
would be willing to pay for a product, which is known as the reservation price. The
reservation prices of the buyers are critical in determining sales and profits of the
clearance sales in this model.
As price decreases, the likelihood of sale increases since there will be more buyers
whose reservation prices are higher than the price offered. Thus, reservation prices
directly affect the sales and profits of the company.
19
In this model, there are three main assumptions regarding the reservation prices
of buyers.
1. Buyers are assumed to be myopic which implies that they decide to purchase as
long as the price offered is below their reservation prices (as opposed to strategic
buyers who consider the likelihood of future discounts in price before finalizing
their purchasing decisions).
2. The reservation price of an individual buyer is assumed to be unknown to the
seller. Instead, we assume that the seller knows the probability distribution
function of reservation prices of the pool of buyers.
3. The probability distribution function of the reservation prices is assumed to be
time invariant.
It is further assumed that the reservation price for the pool of buyers can be
represented as seen in Figure 2-1 where f(x) is the probability density function for
the reservation price distribution, x is the reservation price of the buyers and p is the
mean reservation price of the buyers.
Figure 2-1 suggests that reservation prices have a normal distribution. However,
it should be noted that reservation prices could have any distribution and historical
data should be carefully examined to find out which distribution best fits the actual
distribution of the reservation prices of buyers.
20
f (X)
P x
Figure 2-1: Distribution of Reservation Prices of Buyers
2.1.2 Sales
Sales St is defined as the total quantity of products that buyers purchase at a given
time, t. Sales depends on the price offered by the seller and a formulation of sales is
necessary for predicting how purchasing decisions of the buyers are affected by the
price.
Let N denote the number of buyers which arrive at the company at t, let D
represent the demand of each buyer at t, and let si,t be the quantity sold to buyer i
at t where 1 < i < N.
N and D are assumed to be time-invariant constants in this model. This implies
that at each time period, a fixed number of buyers arrive at the company and each
buyer has a fixed demand of D units of product that they would like to purchase.
Assuming myopic buyers, buyer i purchases D units of products at t if price Pt at
t is lower than his reservation price, xi and does not purchase any units of products
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otherwise. Thus, Pr(pt < xi) represents the probability that a buyer purchases D
units of products whereas Pr(pt > xi) represents the probability that a buyer does
not purchase any units of product. Then, si,t can be expressed as:
0 if pt > xi
iift - Vi, t 1 < i < N
D if pt < xi
It should be noted that si,t can also be written as:
si,t = Dsi,t (2.1)
where si,t is a Bernoulli random variable defined as:
0 if Pt > Xi
si,t = Vi, t 1 < i < N
1 if Pt < xi
It should also be noted that the individual reservation prices of buyers, xi is
unknown to the seller, Vi and thus, a common reservation price distribution is assumed
for each buyer.Each buyer is also assumed to demand D units of products independent
of other buyers, assuming that the inventory is large enough and can not be depleted
by the purchase of a single buyer. Under these assumptions, si,t is an independent
and identically distributed random variable Vi, t where 1 < i < N.
Let n be the random variable which represents the number of buyers who made a
purchase. Pr(pt < xi) is the probability that a buyer purchases D units of products.
Then, St can be expressed as:
(2.2)
Using (2.1)
St = D(,t +... + si,t +... +
= Dn
where n - Binomial Distribution (N, Pr(pt < xi))
(2.3)
(2.4)
The individual reservation prices, xi are unknown to the seller and xi, Vi is as-
sumed to be a random variable with a known distribution, f(x) which was introduced
as the probability density function of reservation prices for the pool of buyers. Thus,
Pr(pt < xz) is given by the tail probability, Ftail(Pt), where f(x) is the probability
density function of reservation prices of buyers. It should be noted that Ftail(Pt)
can also be expressed as 1 - F(pt) where F(x) is the cumulative density function of
reservation prices of buyers. Thus, Pr(pt < xi) can be stated as:
Pr(pt < xi) = 1 - F(pt) (2.5)
This probability is also demonstrated as the shaded area under the probability
distribution function of reservation prices in Figure 2-2.
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f(x) T
Figure 2-2: Shaded area under this normal distribution of reservation prices of buyers
represents the probability of purchase of buyers
Using (2.4), the expected sales, E[St] can be written as:
E[St] = E[Dn] (2.6)
= E[D]E[n] (2.7)
= DN(1 - F(pt)) (2.8)
In this model, sales and expected sales should be decreasing functions of price
because the cumulative distribution function of reservation prices is monotone non-
decreasing which implies that the probability of purchase of buyers decreases as the
price offered increases.
2.1.3 Inventory
When there is a last-minute cancellation of an order, a quantity of inventory is added
to the existing inventory and since the seller does not know the timing of the cancella-
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tions or the quantity of excess inventory at each cancellation, inventory is stochastic.
Thus, a formulation of inventory is needed for dynamically adjusting the prices for
maximizing the expected profits in this model.
Let yt be the indicator variable for the event that a cancellation of an order takes
place at t, let Kt be the time-invariant constant which represents the quantity per
cancellation at t and let It be the inventory at the beginning of time period t. Thus,
It can be expressed as:
It1 - St-1 if Yt- = 0
It-1 - St-1 + Kt-1 if yt-1 = 1
It can also be simply written as:
It = It-1 - St-1 + yt-lKt- 1  (2.9)
It should be noted that assuming that the inventory is large enough and can not
be depleted by the purchase of a single buyer, we assume that inventory can not be
negative. This is further ensured by the inventory non-negativity constraint in the
optimization problem in the next chapter.
From time t - 1 to t, two events might occur which directly affect the inventory:
* Sales at t - 1 decrease the inventory.
* Cancellations at t - 1 increase the inventory since some inventory is added to
the already existing inventory at each cancellation.
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Thus, the expected inventory, E[It] can be formulated using the definition of
inventory as follows:
E[It] = Pr(yt-1 = 0)(E[It- 1] - E[St-1]) + Pr(yt-1 = 1)(E[It- 1] - E[St-i] + Kt-1) (2.10)
It should be noted that Pr(yt-1 = 1) = 1- Pr(yt- 1 = 0). Thus, E[It] can be
simplified as:
E[It] = E[It_1] - E[St-1] + Pr(yt-1 = 1)Kt-, (2.11)
In this model, it is assumed that the probability of a cancellation as well as ex-
pected quantity per cancellation are time invariant constants. Moreover, it is assumed
that a maximum of one cancellation can occur at each t.
2.1.4 Costs
The cost of production is considered as a sunk cost and it is irrelevant to the optimal
pricing problem. Moreover, it is assumed that re-pricing can be done at no associated
cost at any t. Thus, the only costs that are taken into account are the storage cost
and the opportunity cost.
2.1.5 Storage Costs
We assume a linear storage cost function. Thus, as the quantity of excess inventory
from cancellations increases in the storage room, the storage cost that the company
incurs is assumed to increase linearly. Therefore, the company is motivated to clear
their excess inventory as quickly as possible to minimize the storage cost. However,
selling the inventory as quickly as possibly may imply selling the products at a rel-
atively cheap price, which would drive the revenues down. Therefore, there exists a
trade-off between maximizing revenues and minimizing costs in this problem.
Let Ht be the storage cost at t, Cst,,e be the cost of storing one unit of inventory
at each t. . Then, the storage cost can be expressed as:
Ht = Cstorelt (2.12)
Since storage cost depends on the inventory, which is stochastic, an expression of
expected storage costs is necessary for the goal of maximizing expected profits. Using
the definition of storage cost, the expected storage cost at t, referred to as E[Ht], can
be expressed as:
E[Ht] = CstoreE[It] (2.13)
2.1.6 Opportunity cost
Profits earned today are worth more than the profits earned in the future since profits
earned today can be potentially invested to generate interest. Thus, the opportunity
27
cost of postponing sales is the interest that could have accrued if the sales were made
today. In order to capture the opportunity cost in this model, the future profits are
discounted at a rate of 0 per day, where 0 is called the discounting factor. The higher
the discounting factor, the lower the present value of the future profits is.
2.1.7 Profit
Profit is defined as revenues minus costs and the expected profit is what we aim to
maximize in this project. Expected Revenue, Rt can be represented as:
Rt = PtSt (2.14)
Thus, the profit, -rt, at t can be expressed as:
7rt = PtSt - Ht (2.15)
Using the definition of 7rt, the expected profit at t referred to as E[7rt] can be
written as:
E[7t] = ptE[St] - E[Ht] (2.16)
It should be noted that the opportunity cost is not included in the formulation
of current expected profit at t, 7t. Yet, the opportunity cost needs to be included
in calculating the expected profit for the next time period, t + 1. Expected profit at
t + 1 can be expressed using the discounting factor, 0 as:
28
Et [it+1] = O(ptt+E[St+1] - E[Ht+1]} (2.17)
Our main objective in this project is to maximize the expected profits from the
clearance sales by selecting the optimal price at each t. In next chapter, an optimiza-
tion problem will be set up to determine how expected profits can be maximized by
selecting the optimal prices.
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Chapter 3
Dynamic Programming
This chapter explains how dynamic programming is used to maximize the expected
profits by using the analytical model developed in Chapter 2. First, the dynamic
programming equation is formulated and this is followed by a detailed description of
implementation of the dynamic programming algorithm.
3.1 The Dynamic Programming Equation
The clearance sales period is assumed to consist of T discrete time periods (days).
Prices could be changed at the start of each t until T to maximize the expected
profits. The optimal prices will be calculated using a large enough value for T such
that the termination conditions do not affect our dynamic pricing strategy for t < T.
The central idea is that when the seller is deciding which price to select at t, he
needs to choose the price which does not only maximize the expected profit at t, but
rather the sum of the expected profits from t to T. Moreover, at each time period
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t, the prices that were offered buyers in the past become irrelevant and the seller
needs to offer new optimal prices given It. Since this problem of finding the updated
optimal prices for each It and t requires us to find the best decisions consecutively, a
dynamic programming algorithm is suitable for an efficient solution.
Pt is the decision variable and It is the state and Yt is the source of randomness
in this dynamic programming problem. Using the analytical model developed in the
previous chapter, we can express the dynamic programming equation as:
J() ="pax E{(ptSt - Ht) + OJt+1(It+1 )} (3.1)
where the state dynamics can be written as:
It+l = It - St + ytKt (3.2)
Note that Jt(It) is formed of summation of two main parts:
1. E[ptSt - Ht]: This part captures the immediate expected profit at t and it can
be calculated by using (2.16).
2. E[OJt+l (It+l)]: This part captures the cumulative future expected profits recur-
sively from t + 1 to T. pt, the price which company offers to buyers at t affects
the cumulative future expected profits because pt affects St which impacts It+l.
It should be noted that E[OJt+i(It+l)] can be written as:
E[OJt+l(It+l)] = O[Jt+l(It+)Pr(yt = 0) + Jt+i(It+1 )Pr(yt = 1)] (3.3)
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3.1.1 Constraints
Let w be the salvage value of the products at the end of the clearance sales period,
at T.The constraints for the dynamic programming equation (3.1) can be listed as:
1. Pt > 0 (Price non-negativity constraint)
2. St > 0 (Sales non-negativity constraint)
3. It > St (Sales upper limit constraint)
4. It > 0 (Inventory non-negativity constraint)
5. JT(IT) = WIT (Salvage value constraint)
It should be noted that the first four constraint applies for all possible values of t.
The salvage value constraint implies that if there still remains excess inventory at T,
the seller is able to clear this excess inventory at a price of w. Finally, we can write
the dynamic programming equation with constraints as:
Jt(It) =mpax E{(ptSt - Ht) + OJt+1(It+1)}
where the state dynamics can be written as:
It+l = It - St + ytKt
33
subject to
It > St
It > 0
JT(IT) = WIT
3.2 Dynamic Programming Algorithm
A dynamic programming algorithm is used in order to solve the dynamic programming
equation in (3.1). This algorithm is written in the Python programming language and
it consists of two main stages:
* Initialization:
In the initialization stage, values of the parameters which are used to solve the
dynamic programming equation are set. The optimal price is calculated by
varying the price with discrete price steps from pt = Pmin to pt = Pmax for all
possible inventory values from It - Imin to It - Imax during the clearance sales
period from t = 0 to t = T. Therefore, values for Pmin, Pmax, Imin, Imax, T are
among the values which need to be initialized in this stage.
34
Pmax is the price at which almost no buyer would be interested in purchasing
the product. Pmax is a parameter that can be approximated by carefully looking
at highest prices buyers were charged in the past. pin is the price at which
every buyer would be willing to buy the product and is assumed to be zero.
Imax represents the maximum inventory that could be available at any t and this
could be estimated by looking at the historical data on how inventory varied
over time and what the maximum inventory was in the past. Since inventory
needs to be non-negative, Imin is set to zero. Having set values for Imax and
Pmax are essential because without any restrictions on the upper limits of price
or inventory, the algorithm would run for an infinitely long time.
Other parameters which are initialized include the price step and the inventory
step with which price and inventory values are increased from their minimum
values to their maximum values. Price and inventory steps are also important
for determining the running time of the algorithm since the algorithm has to
go through all possible values of prices and inventory by brute force. Thus, as
step size decreases, the number of different price and inventory combinations
increase, thus increasing the running time. Thus, there is a trade-off between
granularity and the running time of the algorithm.
T marks the end of clearance sales and the duration of the clearance sales should
also be decided in this initialization stage. A large enough value for T should be
selected such that the termination conditions do not affect our dynamic pricing
strategy. Moreover, the salvage value w, the storage cost per unit of inventory
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Cstore, the cancellation quantity Kt, the probability that a cancellation takes
place Pr(yt = 1), the demand of each buyer D, the number of buyers N,
the mean reservation price of buyers p, the probability distribution function of
reservation prices of buyers f(x), the discounting factor 0 are other parameters
that are initialized in this stage. Numerical values for these parameters and
the reasoning behind choosing these numerical values will be given in the next
chapter where the actual historical data from the company will be investigated.
* Optimization Algorithm:
The optimization algorithm starts at T and by varying the price from pmin to
Pmax in discrete steps and attempts to calculate the optimal prices for each
inventory value from Imin to Imax with intervals determined by the inventory
steps at time T. For each inventory and price combination, it sums the imme-
diate expected profit and the future expected profit and attempts to maximize
this sum to find the optimal price corresponding to each inventory value. Then,
the optimal prices and the corresponding maximum profits are inputted into an
optimized matrix.
The number of rows in the optimized matrix is equal to T, the number of days
until the end of the clearance sales and the number of columns in the matrix is
determined by the number of different inventory values. Thus, the number of
columns of this optimized matrix, denoted as Nc, is equal to:
Imax - Imin(3.4)
Istep
After calculating the optimal prices for each inventory value at time period T,
these optimal prices and their corresponding profits are placed in the T - It h
row in the matrix. Then the algorithm goes backwards in time to T - 1 to
calculate the optimal prices for this time period. It iterates through all the
possible prices for each inventory in order to find the optimal prices for every
inventory value and places the optimal prices and the profits in the T - 2t h row.
However, when calculating JT-1 for each possible value of PT-1, the algorithm
only calculates the immediate expected profit at T - 1 which is the first part
of the equation (3.1). The second part of the equation, the cumulative future
expected profit is looked up from the T - 1 th row. More specifically, expected
inventory for the next period is calculated by (3.2) .By using the expected
inventory value for the next period, the corresponding optimal price and profit
for this inventory level can be read from the T - 1th row of the optimized matrix.
Then, it recursively calculates the optimal prices and profits for previous periods
from T - 1 until t = 0, going backwards in time by using the optimized matrix
to efficiently look up the maximum profits that can be earned given the price
and inventory values at each t. Finally, when the time period t = 0 is reached,
the optimal price can be easily calculated by using the optimized matrix and the
inventory value at t = 0. The dynamic programming algorithm runs efficiently
since it starts from T and goes backward in time, saving information on optimal
prices and profits in the optimized matrix.
In the end, this optimized matrix is a tool that can be used to find the optimal
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prices for each inventory value for the company. Thus, the company managers
could use this optimized matrix to input their inventory value and obtain the
optimal price.
Chapter 4
Numerical Results
In this chapter, numerical values for the key parameters necessary to solve the dy-
namic programming equation are estimated by analyzing the historical data from
the company. Then the dynamic programming equation developed in the preceding
chapter is solved with these estimates. Finally, sensitivity analysis is performed in
order to determine how changes in the parameters affect the optimal dynamic pricing
strategy developed with our estimates.
4.1 Analysis of Historical Data
There are 300 different types of denim that are sold on the spot market. The his-
torical sales data of one of the most demanded type of denim were obtained from
the company. These historical sales data only contain data from the past one year.
These data contain information on the date and quantity of sales as well as produc-
tion date, price and quality of products sold. It should be noted that the models,
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assumptions and results developed in this chapter only apply to the type of denim
for which we were able to collect historical sales data from the company. Different
optimal pricing strategy may be needed for other types of denim if their sales data
differ significantly from the sales data we collected for this specific type of denim.
The summary statistics from the historical sales data can be seen in Table 4.1.
Table 4.1: Summary Statistics on Clearance Sales Data for 1 Year
Total Sales(Meters) 85203.32
Weighted Mean Price, W.M.P. (EUR) 1.52445
Non-weighted Mean Price (EUR) 1.45680
Mean Sales per Business Day (Meters/day) 338.10841
Number of Buyers who made a purchase 65
Mean Sales per buyer (Meters/buyer) 1310.82
Total Sales is calculated by summing up the meters of denim that were sold on the
spot market throughout last year. Weighted mean price, W.M.P., can be expressed
as follows:
T S
W.M.P. = Et=oPtSt (4.1)
Non-weighted mean price is simply an average of all the prices at which buyers
purchased the products. Assuming that there are 252 business days in a year, mean
sales per business day is calculated by dividing the total sales by the number of
business days. Finally, mean sales per buyer is equal to the total sales by the number
of buyers who made a purchase. Mean sales per buyer is greater than mean spot
sales quantity per business day since there were some days on which buyers did not
make any purchases. Another useful statistic to investigate would be the histogram
of prices at which the products were sold to buyers.
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The histogram in Figure 4-1 demonstrates that this type of denim was sold to
buyers at 5 different prices. However, there are different qualities of each type of
denim and the higher the quality of the denim, the higher the price that the buyers
would be willing to pay. Moreover, this analysis assumes that there are different
buyers who are interested in different levels of quality of denim and upon arrival, they
only ask for the prices of qualities that they are interested in. Therefore, different
optimal pricing strategies should be employed for each quality.
There are a total of six different qualities for this specific type of denim, 1 being
the highest and 6 being the lowest quality. Thus, a table similar to Table 4-1 is made
for each quality of denim in Table 4.2.
Table 4.2: Summary Statistics on Clearance Sales Data of Different Qualities of Denim
Total Sales W.M.P. Mean Sales/ Buyer Number of buyers
Quality = 6 53467.64 1.3957 1445.0714 37
Quality = 5 14277.89 1.4112 839.8759 17
Quality = 4 7954.85 1.7 1988.71 4
Quality = 3 3295.33 1.7 823.8325 4
Quality = 2 604.7 1.7 604.7 1
Quality = 1 5602.91 2.6584 2801.455 2
It can be seen from Table 4.2 that as the quality of the denim increases, the
weighted mean price increases as well. This implies that buyers are willing to pay a
higher price to purchase higher quality denim. Moreover, another trend that can be
observed from this table is that as the quality of the denim increases, the number of
buyers who make a purchase decreases with the exception that the number of buyers
for the highest quality is greater than number of buyers when quality equals 2. This
shows that a greater number of buyers are interested in lower quality denim.
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To gain further insight on how sales, prices, and past pricing strategy of the
company differ with different qualities of products, histograms of prices for each
quality are investigated.
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Figure 4-2: Histogram of Historical Prices when Quality=6
The histogram in Figure 4-2 shows the prices at which lowest quality denim prod-
ucts were sold to buyers. It can be seen that the histogram shows that the reser-
vation prices of the buyers might have an exponential distribution. Comparing this
histogram with the other histograms of different qualities, it can be noticed that the
lowest quality denim is responsible for majority of clearance sales and most sales
occurred when price offered to customers is 1.3 euros.
Similar to histogram of prices when the quality is the lowest, Figure 4-3 also
shows that reservation prices of the buyers may have an exponential distribution.
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Figure 4-3: Histogram of Historical Prices when Quality=5
The distribution of this histogram is very similar to Figure 4-2. The only main
noticeable difference is that there are no sales when price is equal to 1.2 euros in this
histogram.
As seen in Figure 4-4, Figure 4-5, and Figure 4-6, as the quality of the product
increases, the company employs a static pricing strategy and offers a single price
to buyers, instead of offering a variety of prices. When the quality of the denim is
the highest, most of the denim products are sold at a price of 2.7 euros which is
considerably higher when compared to the prices at which lower quality products are
sold.
Since the company employs a static pricing strategy when the quality of the prod-
uct is high, we are unable to infer anything about the purchasing preferences of
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buyers. Thus, we can only focus on devising an optimal pricing method for the denim
of qualities 5 and 6. It should be noted that these qualities account for the majority
of sales and have histograms from which past pricing preferences of buyers can be
inferred. In the next section, numerical values for parameters are estimated for the
denim of quality 5 and the methods described can be applied to estimate numerical
values for parameters for other qualities of denim.
4.2 Numerical Values for Parameters
Using the historical data on clearance sales, numerical values for parameters used in
the dynamic programming equation for denim of quality 5 need to be estimated in
order to solve the optimal pricing problem. More specifically, numerical values of the
parameters in the formulation for sales, inventory, storage costs and opportunity cost
are estimated in this section.
4.2.1 Estimation of Sales
The key parameters that need to be estimated for the estimation of sales are D, the
fixed demand of every buyer which arrives at the company, N, the fixed number of
buyers who arrive at the company per day, and f(x), the probability distribution
function of reservation prices for the pool of buyers. D can be approximated by the
Mean Sales per Buyer. However, we do not possess enough data to interpret N.
Although the number of buyers who made a purchase throughout the whole year is
known, the number of buyers who arrive at the company per day can not be inferred
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with the available data. Moreover, although it can be assumed that reservation prices
of buyers have an exponential distribution, the mean reservation price L is another
key parameter that can not be directly interpreted with the available data.
Thus, due to lack of enough data to obtain estimations with sufficient accuracy,
a curve which best fits the histogram of prices is found to represent demand as a
deterministic function of price. Since the histogram seen in Figure 4-3 includes the
total sales at each price for a year, the sales for each price is normalized by dividing
sales for each price by the number of business days in a year, in order to estimate daily
sales given prices. This assumes that purchasing preferences and demand of buyers
remain constant and homogenous throughout the year. The normalized histogram of
prices and the curve which best fits this histogram can be seen in Figure 4-8. The
equation of the curve which best fits the histogram is found to be:
St = 126e - 1.1314 pt (4.2)
with an R 2 value of 0.979.
Given the high value of R2 , it can be concluded that this estimation of sales is
very accurate. It should be noted that St is of the form ae- P where a can be
interpreted as the total demand that can be captured as sales by the seller at each t.
a is proportional to the number of buyers and the demand of each buyer in the spot
market. The higher a, the more demand is available in the spot market. Moreover,
r is assumed to be equal to the mean reservation prices of buyers. The higher r,
the higher the mean reservation price of the buyers are and this leads to higher sales
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since the probability of sale increases when the mean reservation prices of the buyers
increase. It is assumed that r is non-negative which implies that mean reservation
price of buyers is non-negative.
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Figure 4-8: Daily Sales as a function of price when Quality = 5
4.2.2 Estimation of Inventory
Pr(yt = 1), the probability that a cancellation occurs at t and Kt, the quantity
per cancellation, which are both assumed to be time-invariant constants, need to be
estimated in order to have a numerical estimation of inventory at each t. We were
unable to obtain data concerning cancellations from the company. Therefore, it is
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roughly estimated that the expected cancellations should equal total sales from the
past year.
252
E Pr(y = 1)Kt = 14277.89
t=O
Since Pr(yt = 1) and Kt are time invariant constants,
252Pr(yt = 1)Kt = 14277.89
Pr(yt = 1)Kt = 56.69
Assuming Kt is 5000 meters, then Pr(yt = 1) can be estimated as 0.01134.
4.2.3 Estimation of Storage Costs
Cstore, cost of storage per meter of denim needs to be estimated to predict storage
costs as a function of inventory. Since data concerning the daily storage cost per meter
were not provided, we estimate roughly that storing one million meters of denim for
a year cost the company 100,000 euros which corresponds to an approximate Cstore
value of 0.0003 euros per meter of denim per day.
4.2.4 Estimation of Opportunity Cost
We assume that the company is able to earn a 15% return on their investment per
year. Thus, the discounting rate per day, 0 can be estimated as:
1
0 = 0.15 = 0.9995892 (4.3)
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4.2.5 Estimation of Maximum Inventory and Maximum Price
We estimate that the maximum inventory, Imax is 50,000 meters with inventory steps
of 10 units. Given that total sales of the denim of quality 5 were approximately 15000,
a maximum inventory of 50000 meters is a reasonable estimation. Furthermore, the
maximum price that is offered to buyers should be limited since offering an unrea-
sonably high price to buyers may result in loss of customers for the company. Thus,
the maximum price that may be offered to buyers is limited to twice the weighted
mean of prices offered to buyers throughout last year. Since the weighted mean price
of denim of quality 5 was 1.4112, the maximum price, Pmax, is limited to 2.8 Euros.
Pmin is set to 0 and a price step of 0.1 is used to vary the prices from Pmin to Pmax.
4.3 Optimal Dynamic Pricing Strategy
Using the estimations from the previous section, the optimal prices for the denim of
quality 5 are calculated by dynamic programming using (3.1) and (3.2) for each level
of inventory until Imax. The optimal prices for different levels of inventory can be
seen in Figure 4-9.
The optimal prices for low levels of inventory are seen to be relatively high but as
inventory levels increase, the optimal price that the company needs to set is marked
down gradually. In other words, the price is a monotonically decreasing function of
inventory.
The main strategy of the company should be employing low prices if the levels
of inventory are high because low prices increase the probability of sale and selling
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Figure 4-9: Optimal Prices vs. Inventory when Quality = 5
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as many products as possible prevents the storage costs and opportunity cost from
dramatically affecting the profits of the company. Since cancellations increase the
inventory of the company, they lead the optimal price to be reduced and the magni-
tude of this reduction depends on the quantity of cancellation as well as the existing
inventory.
If the levels of inventory decrease as buyers purchase from the company, higher
prices can be set since the costs become relatively lower and profits can be maximized
by charging buyers higher prices. Strictly speaking, with low levels of inventory, the
company can afford to lose the demand of some buyers by setting a higher price
because the additional profits that can be earned by selling at higher prices to fewer
buyers surpass the holding costs of inventory.
To gain a deeper understanding of the role of different parameters that affect the
optimal pricing strategy of the company, values of these parameters are changed from
their initial estimations made in the previous section. The resulting optimal pricing
strategies developed with different values of parameters are analyzed and compared
with the original strategy developed with our estimations in order to better explain
how optimal dynamic pricing strategy is affected by changes in the key parameters.
4.3.1 Effect of Storage Costs
As the amount of inventory held at the storage room of the company increases, the
storage cost of the inventory increases in a linear fashion as seen in (2.12). Cstore is
the cost of storing one unit of inventory and it is estimated as 0.0003 euros per meter
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of denim per day. To understand how Cstore affects the optimal pricing strategy of
the company, the value of Cstore is increased to 0.003 euros per meter of denim per
day keeping other parameters constant.
Optimal Prices vs. Inventory (Storage Cost Analysis)
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Figure 4-10: Effect of Storage Costs on Optimal Dynamic Pricing Strategy
Figure 4-10 shows that the increased value of Cstoe leads the optimal prices to
decrease at a much faster rate as inventory increases. Thus, a higher storage cost
often results in lower optimal prices for the company. Although the pricing strategies
are similar with very low levels of inventory, as inventory increases to higher levels,
the storage costs with the higher value of Cstore reach a point at which it is no longer
profitable to lose the demand of any buyers whose reservation prices are higher. This
explains why the optimal price is 0.9 euros with our estimation of Cstore and 0.1 euros
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with the higher Cstore value when inventory is around 10,000 meters in Figure 4-10.
It should also be noted that with higher storage costs, the optimal price for inventory
levels larger than approximately 36,000 meters goes down to zero since company
needs to capture the demand of every buyer who arrives at the company and clear
the maximum amount of inventory with each arrival of buyer. Thus, the higher the
cost of storage, the lower the optimal prices are for most levels of inventory and the
lower the profitability of the company is.
4.3.2 Effect of Demand
Total demand a sets the maximum possible sales per day because e-r0p can not be
greater than one since both r and Pt are non-negative. r is assumed to be equal to
mean reservation prices of buyers and it determines the percentage of total demand
that can be converted to sales by the company at a given price. The effects of total
demand a and mean reservation price r on the optimal dynamic pricing strategy are
investigated in this section.
4.3.2.1 Effect of Total Demand
Total demand a is estimated as 126 meters per day and it is changed to 1260 meters
per day, keeping other parameters constant. This enables us to interpret how changes
in total demand modify the optimal dynamic pricing strategy of the company.
With this increased total demand, it is observed that optimal prices are consid-
erably higher for each level of inventory in Figure 4-11. As the inventory increases,
although the optimal prices decrease, they still remain high compared to the case
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Figure 4-11: Effect of Total Demand on Optimal Dynamic Pricing Strategy
when total demand is lower.
When the total demand increases, there are more buyers demanding higher quanti-
ties which increase the sales for the company at a given price. Therefore, the company
can set higher prices to make higher profits at the expense of losing the demand of
some buyers since it is much easier to clear the excess inventory with high demand
and sales in the spot market.
However, if the demand is lower, it becomes harder for the company to clear the
excess inventory by setting high prices profitably in a reasonably short period of time.
Specifically, when demand is lower, lower sales occur at each day and the time it takes
to clear the inventory is higher. This results in storage costs and opportunity cost to
adversely affect the profits and makes lower prices more profitable. Thus, the higher
the total demand, the higher the optimal prices are for each inventory level and the
higher the profitability of the company is.
4.3.2.2 Effect of Mean Reservation Price
Mean reservation price r is estimated as 0.884 euros per meter and it is increased to
2 euros per meter, keeping other parameters constant to understand how changes in
the mean reservation price affect the optimal dynamic pricing strategy. Figure 4-12
suggests that the effect of increasing the mean reservation price has a very similar
effect as increasing the total demand. The optimal prices are considerable higher for
each level of inventory and as inventory increases, the prices still remain considerably
higher than the case when mean reservation price is lower.
A higher r implies that a greater percentage of total demand a can be captured as
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Figure 4-12: Effect of Mean Reservation Price on Optimal Dynamic Pricing Strategy
sales by the seller given a price. With a high r, the company can set higher prices to
make higher profits without losing as many buyers as it would if r was lower because
a high r means that buyers are willing to pay more for the same product. Thus, with
a higher r, the company can afford to increase the prices relative to the case with
lower r without the risk of not being able to sell any products and incurring large
storage costs and opportunity cost. The higher the mean reservation price, the higher
the willingness of buyers to purchase at a given price, the higher the optimal prices
are for each inventory level and thus, the higher the profitability of the company is.
In summary, an increase in total demand and an increase in mean reservation
price result in higher optimal prices for the company.
4.3.3 Effect of Cancellations
As cancellations of orders take place, some inventory is added to the already existing
inventory. Therefore, the probability of cancellation, Pr(yt = 1) as well as Kt, the
quantity per cancellation are important parameters which affect the optimal dynamic
pricing policy that the company needs to employ. To understand how these two
cancellation parameters affect the pricing strategy, different values are assigned to
these parameters to see how the optimal pricing strategy deviates from the optimal
pricing strategy developed with our initial estimations.
4.3.3.1 Effect of Cancellation Probability
The cancellation probability, Pr(yt = 1) is estimated as 0.01134 per day and it is
decreased to 0.001134 per day, keeping everything else constant in order to understand
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how changes in cancellation probability affect the optimal dynamic pricing strategy
for the company. Figure 4-13 shows that when cancellation probability is higher, the
optimal prices for each level of inventory decrease at a faster rate and thus, a higher
cancellation probability results in lower optimal prices for the company.
Optimal Prices vs. Inventory (Cancellation Probability Analysis)
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Figure 4-13: Effect of Cancellation Probability on Optimal Dynamic Pricing Strategy
When the cancellation probability is high, the company needs to account for the
fact that there may be frequent cancellations which lead to an increase in the inventory
they need to store and the additional storage costs for this excess inventory.Therefore,
lower prices are optimal with high probability of cancellation. In other words, if high
prices are set when probability of cancellations are high, sales will be relatively low and
as cancellations of orders occur, inventory will keep accumulating, resulting in higher
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storage cost and the time it takes for the company to clear all the available inventory
will keep growing. Thus, as probability of cancellation increases, the optimal prices
decrease to account for the expected cancellations in the future which will result in
higher inventory, storage costs and longer time to clear the inventory.
4.3.3.2 Effect of Cancellation Quantity
The cancellation quantity or the quantity per cancellation, Kt is estimated to be
5000 meters per cancellation and it is decreased to 1000 meters, keeping everything
constant so as to interpret the effect of cancellation quantity on the optimal dynamic
pricing strategy. In Figure 4-14, optimal pricing strategies with two different values
are compared and it can be seen that when the cancellation quantity per cancellation
is higher, the optimal prices decrease at a faster rate with respect to inventory. Thus,
an increase in the cancellation quantity leads to lower optimal prices for the company.
When the cancellation quantity per cancellation is high, it is essential that the
company sets prices accordingly by considering the possibility of a large cancellation
quantity being added to the already existing inventory. The storage costs and the
expected time of clearing the inventory increase with cancellations, especially if it
results in a large quantity of excess inventory. Therefore, when cancellation quantity
is higher, lower prices are optimal in order to boost sales and prevent the inventory
from accumulating at an unprofitable rate for the company.
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Optimal Prices vs. Inventory (Cancellation Amount Analysis)
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Figure 4-14: Effect of Cancellation Quantity on Optimal Dynamic Pricing Strategy
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4.3.4 Effect of Discounting Rate
Discounting rate, 0, is estimated to be 0.999589209 per day which corresponds to a
15% discounting rate per year and it is decreased to 0.998632 per day which corre-
sponds to a 5% discounting per year. The comparison of these two optimal dynamic
pricing strategies with different discounting rates, keeping other parameters constant
enables us to better understand the effect of discounting rate in our model.
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In Figure 4-15, although the two optimal pricing strategies are mostly equal due
to the small change in the discounting rate, we see that the optimal prices when
discounting rate is higher are lower for some levels of inventory. The higher the
discounting rate, the lower the present value of future profits is and the more incentive
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the company has to clear the products as soon as possible in order to realize the
profits before they become less valuable. To be able to clear the products as soon as
possible, sales need to be increased and this can be achieved by decreasing the prices.
Therefore, the optimal prices should be lower when the discounting rate increases.
Thus, the main insight that is gained from this analysis is that increases in total
demand and mean reservation price usually increase the optimal prices that the com-
pany needs to set whereas increases in cancellation quantity, cancellation probability,
storage costs and discounting rate usually decrease the optimal prices.
4.4 Sensitivity Analysis
Sensitivity analysis is carried out in order to determine how sensitive the optimal
dynamic pricing strategy is to small changes in the parameters (inputs). The results
of the sensitivity analysis help us to understand the robustness of our model and they
identify which parameters the optimal dynamic pricing strategy is more sensitive to.
To perform sensitivity analysis, the optimal prices for each level of inventory are
calculated by varying the key parameters by ±10%. Then, these optimal prices with
changed parameters are compared with the optimal prices calculated with the initial
estimations. Differences between the optimal prices are measured by calculating
CV(RSME), the root mean square error normalized to the mean of the optimal prices.
Let p be the mean optimal price and let MSE be the mean squared error (difference)
between two sets of optimal prices calculated with different parameter values. Then,
CV(RSME) can be expressed as:
CV(RSME) = MSE (4.4)
The results of the sensitivity analysis performed for each key parameter can be
seen in Tables 4-3 to 4-8. It should be noted that the probability of cancellation,
Pr(yt = 1) is referred to as Pr for simplicity in Table 4-7.
From an investigation of these tables, it is seen that the CV(RMSE) values for all
parameters are low and close to zero, indicating that optimal dynamic pricing strategy
is not very sensitive to the parameters which implies that our initial estimates give
optimal prices which are accurate enough. In other words, a low CV(RMSE) means
that our estimations, although they may not be very precise, provide results that can
be used by the company in a reliable manner.
It should also be noted that the optimal dynamic pricing strategy is most sensi-
tive to total demand a and mean reservation price r out of all parameters that are
investigated. This implies that both of these demand parameters should be estimated
with a greater precision compared to the other parameters since variations in their
values create the greatest variation in the optimal dynamic pricing strategy.
Table 4.3: Sensitivity Analysis of cost of storage, Ctore
ACstore CV(RMSE)
+10% 0.044
0 0
-10% 0.045
Table 4.4: Sensitivity Analysis of Mean Reservation Price, r
Ar CV(RMSE)
+10% 0.1152
0 0
-10% 0.1108
Table 4.5: Sensitivity Analysis of Total Demand, a
Aa CV(RMSE)
+10% 0.1206
0 0
-10% 0.1202
Table 4.6: Sensitivity Analysis of Cancellation Quantity, Kt
+10% 0.046
0 0
-10% 0.048
Table 4.7: Sensitivity Analysis of Cancellation Probability, Pr
APr CV(RMSE)
+10% 0.066
0 0
-10% 0.070
Table 4.8: Sensitivity Analysis of Discounting Rate, 0
AO CV(RMSE)
+10% 0.012
0 0
-10% 0.011
An1 CV(RMSE)
Chapter 5
Conclusion
The results presented in this thesis provide the company with a mathematical tool
which can be used to dynamically and optimally set prices to maximize the profitabil-
ity throughout the clearance sales period in the spot market. The company's current
pricing strategy is determined by the educated judgment of managers responsible for
clearance sales. They offer a fixed price over a long period of time and the prices are
marked down to boost sales only if there still remains a large amount of inventory
that needs to be cleared. The optimal dynamic pricing strategy developed in this
thesis helps the managers by giving them access to a more sophisticated method to
make their pricing decisions.
5.1 Recommendations
Recommendations for the company are provided in the based on a careful investigation
of the historical data, optimal dynamic pricing strategy developed and sensitivity
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analysis of the results.
* The company should dynamically change the prices depending on the inventory
available in order to achieve maximal profits. Specifically, we find that the op-
timal price is a monotonically decreasing function of inventory which implies
that the company should employ relatively low prices for high levels of inventory
and higher prices for low levels of inventory. High levels of inventory are asso-
ciated with high storage costs and opportunity cost. Thus, lower prices should
be offered so as to increase the sales, decrease the inventory and the holding
costs of the inventory. This prevents the inventory from growing infinitely with
cancellations.
* The company should offer higher prices to buyers if levels of inventory decrease
with sales because the holding costs decrease and it becomes more profitable to
charge buyers higher prices. In other words, if the inventory is low, it becomes
more profitable to lose the demand of some buyers in order to set higher prices
because the additional profits that can be gained by selling at higher prices to
fewer buyers surpass the holding costs of inventory.
* The company should attempt to implement strategies which might increase
demand and decrease cancellations and storage costs since it is found that in-
creases in total demand and mean reservation price usually increase the optimal
prices whereas increases in cancellation quantity, cancellation probability, stor-
age costs usually decrease the optimal prices the company needs to offer to
buyers.
* The company should use this optimal dynamic pricing policy with confidence,
considering the results of sensitivity analysis. However, they should improve
their data collection process and gather some data which provide more informa-
tion on cancellations, storage costs, and demand. This should further improve
the robustness of the optimal dynamic pricing strategy.
* The company should focus on gathering data on demand parameters since the
optimal pricing strategy is shown to be most sensitive to the demand param-
eters, total demand and mean reservation price. Moreover, additional data on
arrival of buyers, purchasing behavior of buyers would be useful to gain further
insights on the pricing problem and possibly improve the results.
THIS PAGE INTENTIONALLY LEFT BLANK
Appendix A
Dynamic Programming Algorithm
in Python
# Initialization
math
csV
numpy
pylab
#module for mathematical formulas
#module for importing data from Python to Excel
#module for creating matrices
# module for plotting graphs
from numpy import matrix, zeros
from pylab import *
T = 400 #set the duration of the clearance sales
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import
import
import
import
It_max = 50000
It_step = 10
#set the maximum inventory
#set the inventory step
W =0 #set the salvage value
theta = 0.999589209 # The discounting factor
k=5000 # Cancellation quantity
p_can = 0.01134 # Cancellation Probability
C = 0.0003 # cost of storage per day per unit of inventory
p_min = 0 # Minimum price
p_max = 2.8 # Maximum price
pstep = 0.1 # Price step
# Definitions
def sales(it,pt):
demand = 126*math.exp(-1.1314*pt) # From (4.2)
return int(min(demand,it)) #Sales is min of demand and inventory
def inv_next0(it,pt): # gets inventory at t+1 if no cancellation
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invO = it-sales(it,pt)
return max(min(invO,It_max),O) # 0 <inv next < inv max
def inv_nextl(it,pt): #gets inventory at t+1 if cancellation occurs
invi = it-sales(it,pt)+k
return max(min(invl,Itmax),O) # 0 <inv next < inv max
def profit(t,it,pt,opt_matrix): # profit function
if t == T:
return profit atlastT(it) # if t=T, calculate the salvage value
return profitcur(t,it,pt) + profittogo(t,it,pt,opt matrix)
def profit_cur(t,it,pt): #current profit function
if t == T:
return profit atlast_T(it)
return sales(it,pt)*pt-C*it # From equation (2.8)
def profittogo(t,it,pt,optmatrix): # future expected profit function
def profittogo(t,it,pt,optmatrix):
total_prof = 0.0
cur_it = it
cur_pt = pt
next_itO = inv_nextO(cur_it,cur_pt) # get the next it from current it and pt
next_itl = inv_nextl(cur_it,cur_pt)
t_ix = t+1
i_ixO = int(next_itO/It_step)
i_ixl = int(next_itl/It_step)
next_ptO = opt_matrix[t_ix,i_ixO,0]
next_ptl = opt_matrix[t_ix,i_ixl,0]
next_prf0 = opt_matrix[t_ix,i_ixO,1]
next_prf = opt_matrix[t_ix,i_ix, 1]
cur_prf = theta*(next_prfO*(l-p_can)+next_prfl*(p_can)) # (3.3)
return cur_prf
def profit_at_last_T(it):
return W*it # returns the salvage value of remaining inventory
# Main optimization algorithm: Starts at T, and calculates the most optimal prices
# for time period T and puts them into a matrix.Then it recursively calculates the
# most optimal prices for previous periods from T-1 until t=O by using this matrix
# to efficiently look up the maximum profits that can be earned given the
# current price and inventory. Matrix saves all the information prices are optimal
# for each inventory for each time period. In other words, when price
# is set at t=O, the algorithm checks all the possible scenarios that this current
# decision might lead to, and selects the most optimal price accordingly.
def optimize():
rows = T+1 # initialization steps for the matrix
cols = (It_max/It_step)+1
height = int(((p_max-p_min)/p_step)+1)
opt_matrix = zeros((rows,cols,6),dtype=float)
for t_ix in range(rows):
tix = T - tix # starts from t=T
print "optimizing at time step %d"%t_ix
price_matrix = zeros((cols,height),dtype=float)
for i_ix in range(cols):
i = i_ix*It_step
for p_ix in range(height):
p = p_ix*p_step+p_min
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prf = profit(t_ix,i,p,opt_matrix)
price_matrix[i_ix,p_ix] =prf
opt_col = price_matrix.argmax(axis=l) # get optimal price
for opt_i_ix in range(cols):
opt_p_ix = opt_col[opt_iix]
opt_prf = price_matrix[opt_i_ix,opt_p_ix]
opt_price = opt_p_ix*p_step+p_min
i = opt_i_ix*It_step
opt_crnt = profit_cur(t_ix,i,opt_price)
sls= sales(i,opt_price)
rev= revenue(i, opt_price)
cost=opt_crnt-rev
opt_matrix[t_ix,optiix,O] = opt_price
opt_matrix [t_ix,optiix, ] = opt_prf
optmatrix [t_ix,opt_i_ix,2] = opt_crnt
opt_matrix[t_ix,opti-ix,3] = sls
opt_matrix[t_ix,opt_i_ix,4] = rev
opt_matrix[t_ix,opt_i_ix,51 = cost
return opt_matrix
# Optimal matrix contains all the information on optimal prices for
# each inventory and time.
if __name__==" _ _ main _ _ ":
opt_matrix = optimize()
#Plotting
columns = (It_max/It_step)+1
for x in range(columns):
y= opt_matrix[0,x,0]
x=arange(O+It_step,It_max,It_step)
y=opt_matrix[T/2,x/It_step,0]
line=plot(x,y)
xlabel('Inventory(Meters)')
ylabel('Optimal Price(EUR)')
title('Optimal Price vs. Inventory')
setp(line, linewidth=2, color='black')
show()
# Excel writer module: This module is used to write the optimal prices for each
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#inventory and time to Excel for further statistical analysis.
rows=T+1
columns= (It_max/It_step) +
f= open("output.csv", "w")
for i in range(rows):
# f.write("\n")
for j in range(columns):
a= opt_matrix[i] [j] .tolist()
f.write(",". join([str(s) for s in a])+"\n")
f.close()
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